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Bryophytes are predicted to lag behind future
climate change despite their high dispersal
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The extent to which species can balance out the loss of suitable habitats due to climate
warming by shifting their ranges is an area of controversy. Here, we assess whether highly
efficient wind-dispersed organisms like bryophytes can keep-up with projected shifts in their
areas of suitable climate. Using a hybrid statistical-mechanistic approach accounting for
spatial and temporal variations in both climatic and wind conditions, we simulate future
migrations across Europe for 40 bryophyte species until 2050. The median ratios between
predicted range loss vs expansion by 2050 across species and climate change scenarios
range from 1.6 to 3.3 when only shifts in climatic suitability were considered, but increase to
34.7–96.8 when species dispersal abilities are added to our models. This highlights the
importance of accounting for dispersal restrictions when projecting future distribution ranges
and suggests that even highly dispersive organisms like bryophytes are not equipped to fully
track the rates of ongoing climate change in the course of the next decades.
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Despite a growing number of climate change mitigationpolicies, anthropogenic greenhouse gas emissions havecontinued to increase since the pre-industrial era. Glob-
ally, an average warming of 1.0 °C as compared to pre-industrial
levels has been reported and is expected to reach 1.5 °C between
2030 and 2052, with substantial regional variations. In the Arctic
for instance, two to three times higher warming rates than the
global annual average are expected1. The impacts of this global
warming on biodiversity have been largely documented2 and
climate change has been identified as one of the major biodi-
versity threats3,4, with the worst-case scenarios leading to
extinction rates that would qualify as the sixth mass extinction in
the Earth history5.
While climate change is making some current habitats unsui-
table, it is also expected to create newly suitable areas for species to
occupy. The extent to which species have the ability to balance the
loss of suitable habitats by shifting their ranges and track areas of
suitable climate has, however, been debated6–8. Despite reports that
many species lag behind climate change9, nearly as many studies of
observed latitudinal changes fall above as below the observed10.
For plants in particular, empirical evidence for lagged migration is
far from clear-cut11. While the coincident increase of species rich-
ness with climate warming towards high elevations is suggestive of a
rapid response of communities to climate change12, considerable
lags in the future response to climate warming have been predicted
for Alpine plants13. Such lag has also been observed in the field:
Rumpf et al.14 recently reported that 38% of plant species they
investigated were not able to colonize all the sites that became
climatically suitable to them.
Assessing range shifts and extinction risks involves an assess-
ment of (i) the change in climatically suitable habitats over time
and (ii) the species ability to adapt or migrate to track areas of
newly suitable climate15. In this context, spatially explicit climatic
suitability and distribution models (also called species distribu-
tion models, or ecological niche models) have been the most
widely used tool to assess the impact of projected climate change
on future species distributions and biodiversity patterns16. Con-
trasting model predictions with actual distribution data revealed,
however, that a substantial fraction of species are missing from
areas projected as suitable17,18. This, together with the significant
effect of geographic distance on the taxonomic and phylogenetic
turn-over of species communities17,19,20, points to the need
to account for dispersal limitations when predicting species dis-
tributions under climate change21,22. Mounting evidence there-
fore suggests that approaches integrating mechanical dispersal
processes into climatic suitability and distribution models have
higher predictive accuracy in forecasting species range shifts than
structurally simpler models that only account for species’ corre-
lates with climate23,24.
The primary goal of the present study is to determine the
extent to which highly efficient dispersers like bryophytes can
mitigate the loss of suitable habitats through rapid colonization of
newly suitable areas. The relevance of bryophytes, which repre-
sent the second most diversified group of land plants after the
angiosperms25, in range shift studies, is twofold. First, bryophytes
hold exceptional importance in the control of global carbon fluxes
and climate because of the vast stores of carbon bound-up in
peat26. In particular, more carbon is stored in Sphagnum than in
any other genus of plant27. Second, bryophytes lack roots and
therefore cannot uptake water directly from the water table,
making them reliant on atmospheric precipitations. Furthermore,
bryophyte species of temperate biomes exhibit lower optima and
tolerance to warm temperatures than their angiosperm counter-
parts28 (but see ref. 29). These specific ecophysiological features
make bryophytes ideal indicators of the impact of climate change
on biodiversity patterns.
Here, we implement a hybrid statistical-mechanistic approach
that accounts for temporal and spatial variation of both climatic
conditions and wind connectivity to predict potential shifts in
distribution across Europe for 40 bryophyte species until 2050, at
a spatial resolution of 1 km2. We show that projected rates of
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Fig. 1 Predicted impact of future climate change for the potential distribution of European bryophytes. The maps represent the distribution of 1 km2
pixels predicted to become climatically suitable and unsuitable in 2050 for 10 representative bryophyte species of each of the four main biogeographic
elements in Europe (Mediterranean, Atlantic, wide-temperate and Arctic-Alpine) using ensemble of climatic suitability models with the MPI-ESM-LR
Global Circulation Model under scenario RCP8.5 (see Supplementary Fig. 1 for scenario RCP4.5 and Supplementary Figs. 2 and 3 for the two RCPs with the
HadGem2-ES Global Circulation Model). Colours represent the proportion of species, computed over 10 species per biogeographical elements (individual
maps are available from Figshare, DOI: 10.6084/m9.figshare.8289698), for which a pixel becomes suitable (blue) and unsuitable (red). Numbers indicate
the average (±S.D.) percentage of the predicted increase (number of pixels that become suitable in 2050) and loss (number of pixels that become
unsuitable in 2050), respectively, of suitable area in 2050 as compared to the extent number of suitable pixels.
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that could effectively be colonized, suggesting that even highly
dispersive organisms such as bryophytes might not be equipped
to track the rates of ongoing climate change in the course of the
next decades.
Results
We predicted range shifts under changing climate conditions
until 2050 in 40 bryophyte species representative of the Medi-
terranean, Atlantic, wide-temperate and Arctic-Alpine biogeo-
graphic elements. The climatic suitability models exhibited high
average True Skill Statistics (TSS) and Area Under The Curve
(AUC) of a ROC plot (Receiver Operating Characteristics)
statistics30 of 0.78 ± 0.12 and 0.93 ± 0.05 respectively, when
models were evaluated against test sets corresponding to 20% of
the data (cross-validation). These models did not show any
apparent signature of overfitting, as only a very slight increase
in AUC and TSS (0.81 ± 0.13 and 0.94 ± 0.05, respectively) was
observed when these statistics were computed at the level of the
entire dataset (Supplementary Table 1).
With the MPI-ESM-LR Global Circulation Model (GCM), the
highest relative rates of range loss are predicted for the Arctic-
Alpine element, with an average loss of 40 ± 12% and 42 ± 14% and
an average gain of 9 ± 7% and 9 ± 8% under the Representative
Concentration Pathway (RCP) 4.5 and 8.5 climate change scenarios,
respectively (Fig. 1, Supplementary Table 2 and Supplementary
Fig. 1). The highest rates of relative range expansion are predicted
for the Mediterranean element, with a 32 ± 10% (35 ± 10%) loss
against a 38 ± 14% (39 ± 15%) gain, due to the clear tendency
for a northern shift of the climatically suitable area (Fig. 1 and
Supplementary Fig. 1). Similar, but even more dramatic predictions
in terms of range loss, with a maximum of 73 ± 6% in the wide-
temperate element, were obtained with the HadGem2-ES GCM
(Supplementary Table 2 and Supplementary Figs. 2 and 3).
Simulated colonization rates (i.e., the ratio between the number
of effective colonization events and the number of pixels
becoming suitable by 2050) are displayed in Fig. 2 and Supple-
mentary Fig. 4 (MPI-ESM-LR GCM under RCP scenarios 8.5 and
4.5, respectively) and Supplementary Figs. 5–6 (HadGem2-ES
GCM under RCP scenarios 4.5 and 8.5, respectively).
There was a clear impact of release height on colonization
rates, whose median ranged from 4% at 0.03 m to 63% at 10 m for
the largest spores at maximum wind speed, and between 59% and
84% at 0.03 m for small and medium-sized spores, respectively,
whatever the long-distance dispersal probability. At release
heights of 1 and 10 m, colonization rates reached 98% and
99% for small and medium-sized spores, respectively (see Fig. 2
for scenario RCP8.5, with similar trends for scenario 4.5 in
Supplementary Fig. 4 and for the HadGem2-ES GCM under RCP
scenarios 4.5 and 8.5, Supplementary Figs. 5 and 6). Wind speed
mostly played a role for the largest spores, whose colonization
rates were 1–57 times higher when maximum vs average wind
layers were employed, but its impact was lower for smaller spores.
Finally, spore size also substantially impacted colonization rates,
with a median <1 to 7% for large spores, 25 to almost 100% for
medium-sized spores, and 61 to almost 100% for small spores
depending on release height and long-distance dispersal prob-
ability under average wind conditions.
Running the simulations beyond 2050 to determine the time-
lag of the colonization of newly suitable habitats, i.e., how many
years would be needed for species to fully colonize all the cli-
matically suitable habitats after 2050, we found, using release
height values based on habitat preferences and maximum wind
speed layers, that, on average, 80–100% and 25–70% of the spe-
cies would need more than 500 years to successfully colonize all
the newly suitable habitats when the long-distance dispersal
probability was set to 0 and 0.1, respectively (Table 1 and Sup-
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Fig. 2 Colonization rates of areas predicted to become climatically suitable due to climate change in European bryophytes. The box-plots
(showing the 1st and 3rd quartiles (upper and lower bounds), 2nd quartile (centre), 1.5* interquartile range (whiskers) and minima-maxima beyond the
whiskers) represent simulated colonization rates expressed as the ratio (*100), averaged over 30 replicates, between the number of effective colonization
events (including effective colonization events that eventually got extinct at the end of the simulation) and the total number of pixels becoming suitable by
2050 in 40 selected bryophyte species in Europe as a function of spore size (a: <20 µm; b: 20–50 µm; c: >50 µm), release height Z0, wind speed, and
probability of long-distance dispersal P(LDD), with the MPI-ESM-LR Global Circulation Model under climate change scenario RCP8.5 (see Supplementary
Fig. 4 for scenario 4.5). The right panel illustrates selected SEM photographs of spores of Scleropodium touretii (small spores), Ulota bruchii (medium-sized
spores) and Archidium alternifolium (large spores).
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only 0–10% and 22–30% of the species fully colonized all newly
climatically suitable areas by 2050 when the long-distance dis-
persal probability was set to 0 and 0.1, respectively, and were
hence at equilibrium with the environment (Table 1). The
remaining species required, on average, 21 ± 6 years to 98 ± 141
years after 2050 before the colonization rate reached 100% of the
newly suitable pixels depending on climate change scenarios and
LDD probability (Table 1).
The ratio between the rates of range loss and gain at the end of
the simulation in 2050 is displayed in Fig. 3, and evidences a clear
pattern of substantial range contraction. Median ratios between
predicted range loss vs expansion until 2050 across species ranged
between 1.6 and 3.3 depending on climate change scenarios when
only shifts in climatic suitability were considered, but between
34.7 and 96.8 depending on climate change scenarios and
dispersal kernels when effective colonization was considered
(Supplementary Table 2). With the global circulation model
HadGem2-ES, the median loss/gain ratio was the highest in the
case of the wide-temperate element (~75:1) as compared to a
median ratio of slightly more than 50:1 for the other elements.
With the MPI-ESM-LR Global Circulation Model, the median
loss/gain ratio was the highest in the case of the Alpine-Artic
element (~50:1) as compared to a median ratio of slightly more
than 25:1 for the other elements.
Discussion
Simulating wind dispersal across a variable landscape is a chal-
lenging task because spatial variations in wind speed, topography
and canopy structure affect the probabilities of colonization
during the transportation and deposition phases31. Substantial
variation in environmental heterogeneity affecting both climatic
suitability and the ability of species to disperse therefore required
developing a spatially explicit modeling framework. Previous
studies that attempted at simulating wind dispersal under chan-
ging environmental conditions either (i) implemented constant
dispersal kernels or randomly sampled prior distributions of
migration rates at large scales11,32,33, or (ii) used detailed models
based on local wind conditions and accounting for population
dynamics, but could only do so over a limited geographical
extent34,35. In contrast, our approach allowed us to assess the
impact of climate change on a group of wind-dispersed plants,
bryophytes, by taking into account local variations in niche
suitability and dispersal limitations at a continental scale.
Our simulations are, however, based on a number of simpli-
fications due to limitations in the availability of empirical data.
These limitations include, most importantly, the assumptions that
dispersal is isotropic, that newly colonized cells are readily con-
sidered as sources, thereby ignoring demography, that there is no
competition and that microclimatically suitable pixels can serve
as migration sources. These assumptions result in an over- rather
than an under-estimation of colonization rates, so that our
approach is conservative in the sense that, as in Dullinger et al.11,
our results should be at the upper bound of those achievable.
Despite this, only a portion of the areas projected to become
climatically suitable are predicted to be effectively colonized by
2050. Median ratios between predicted range loss and expansion
across species ranged between 1.6 and 3.3 depending on climate
change scenarios when only shifts in climatic suitability were
considered and increased to between 34.6 and 96.8 depending on
dispersal kernels when effective colonization was considered.
There was, however, substantial regional variation, as the Arctic-
Alpine species pool was predicted to experience the highest range
loss (39 ± 15%), whereas the wide-temperate species pool exhib-
ited the lowest net decrease of 18 ± 4%, followed by the Medi-
terranean species pool with 24 ± 14%. While the Arctic-Alpine
species pool was indeed identified as one of the most sensitive to
climate warming, the results reported here for Mediterranean
bryophytes sharply contrast with the alarming predicted range
loss of 60% reported in angiosperms36. We suggest that this
difference is due to the much wider distribution range, higher
dispersal capacities and, potentially, broader climatic niche of
Mediterranean bryophytes as compared to their angiosperm
counterpart. This is best illustrated by the large differences in
rates of local endemism between the two groups, as more than
60% of Mediterranean endemic angiosperm species are restricted
to a single region37 and are, hence, prone to extinction if they fail
to colonize newly suitable areas, whereas there is no local ende-
mism reported to date in the Mediterranean bryophyte flora38.
While bryophytes successfully back-colonized areas of suitable
climate since the end of the last glacial maximum, 18,000 years
ago39, our results suggest that, at best, ~30% of the species would be
at equilibrium with their environment by 2050. This indicates that
bryophytes are not equipped to track the very fast rates of ongoing
climate change projected for the course of the next decades.
Although recent evidence for synchronized increases in species
richness towards high elevations and global warming points to
rapid colonization potential of newly available habitats12, our
results, together with other analyses investigating species-specific
responses13,14,40, suggest that changes in diversity patterns tend to
mask considerably the delays observed at the level of individual
species. In fact, a growing body of evidence supports the idea that
plant species spread rates are consistently expected to be much
lower than the velocity of climate change11,33–35. This highlights the
crucial role of integrating dispersal when attempting to predict
future distribution ranges22–24, even in apparently highly dispersive
organisms like bryophytes.
Methods
The methodological framework for simulating the dispersal of bryophytes under
changing climate conditions is presented in Fig. 4. A grid of pixel-specific envir-
onmental conditions and dispersal kernels, combining information on species
dispersal traits, local wind conditions, as well as landscape features affecting dis-
persal by wind, is generated and used as input in simulations of species dispersal in
the landscape under changing climate conditions.
Data sampling. The European bryophyte flora includes 1817 native or naturalized
species41. Because information on bryophyte species distribution is scarce and very
heterogeneous, challenging the application of climatic suitability models42, we
Table 1 Time-lag of the colonization of newly suitable
habitats in 2050 for 40 selected bryophyte species in
Europe, as assessed by MigClim dispersal simulations under
changing climate conditions defined by the MPI-ESM-LR
(MPI) and HadGem2-ES (HE) Global Circulation Models and
climate change scenarios RCP4.5 and 8.5.
MPI4.5 MPI8.5 HE4.5 HE8.5
LDD= 0
80% 98% 100% 98%
10% 0% 0% 2%
111 ±
126 years
149 years – –
LDD= 0.1
70% 35% 25% 27%
22% 25% 25% 30%
21 ± 6 years 66 ± 85 years 86 ± 119 years 98 ± 141 years
LDD= 0 and 0.1 refer to the probability of long-distance dispersal implemented by the model,
respectively. For each GCM, climate change scenario and LDD probability, we indicate (i) the
percentage of species that failed to colonize all newly suitable habitats by 2050 after 500 years
(top); (ii) the percentage of species that fully colonized all newly suitable habitats by 2050 and
are hence at equilibrium with climate conditions (middle); and (iii) for the remaining species, the
average (±SD) number of years required to fully colonize all newly suitable habitats after 2050
(bottom) (see Supplementary Table 2 for detailed information for each species).
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selected 10 species based upon their representativeness for each of the four main
biogeographic elements (i.e., groups of species sharing similar distribution pat-
terns), namely the Arctic-Alpine, Atlantic, Mediterranean, and wide-temperate
elements (Supplementary Table 2). For each of these species, we downloaded data
from the Global Biodiversity Information Facility (https://www.gbif.org). We
excluded data collected before 1960, which represented, on average, 41 ± 12% of the
data available, for two reasons. First, old records often lack sufficiently precise
location information. Second, we wanted to avoid a potential mismatch between
old observations and current climate conditions used for modeling. To complete
these data and generate a dataset across the entire range of each species in Europe,
we specifically performed a thorough literature review to document their occur-
rence from more than 600 sources. Only points that were separated by at least 0.1°
from each other were subsequently retained for modeling (“ecospat.occ.
desaggregation” function in Ecospat 3.143) to avoid sampling bias and reduce the
risk of spatial autocorrelation. Altogether, the number of observations available for
each species ranged between 55 and 34,035 (database available from Figshare,
https://doi.org/10.6084/m9.figshare.8289650).
Average spore diameter was recorded for each species from Zanatta et al.44 and
references therein. Species unknown to produce sporophytes were assigned a spore
size of 150 µm to take dispersal through larger asexual propagules into account.
Spore settling velocities Vt and release height (0.03, 1 and 10 m, which roughly
correspond to habitat preferences for ground-dwelling, saxicolous, and epiphytic
species, respectively) were determined for each species (Supplementary Table 2)
following Zanatta et al.44.
Nineteen bioclimatic variables, averaged over the period from 1970 to 2000,
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Fig. 3 Predicted rates of future extinction and colonization of areas becoming newly suitable due to climate change in European bryophytes. The box-
plots (showing the 1st and 3rd quartiles (upper and lower bounds), 2nd quartile (centre), 1.5* interquartile range (whiskers) and minima-maxima beyond
the whiskers) represent the ratio E/C, averaged over 30 MigClim replicates, between the predicted rate of range loss E (fraction of initially suitable cells
that became unsuitable by 2050) and the rate of simulated effective colonization events C (fraction of newly suitable cells by 2050 that were effectively
colonized) in 40 selected bryophyte species from the four main biogeographic elements in Europe. Results are shown for two selected dispersal kernels
(release height set depending on species habitat preferences, maximum wind layer, and long-distance dispersal probability of 0 and 0.1), two global
circulation models (MPI: MPI-ESM-LR and HE: HadGem2-ES) and two climatic scenarios (RCP4.5 and 8.5).
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snow is an important driver of species distributions in Arctic regions46, the lack of
sufficiently detailed information on snow precipitation across Europe prevented us
from implementing this variable.
Given the spatial grain of our study, the hypothesis that some species will persist
in small microhabitats, where temperatures can be cooler and humidity higher than
in the surrounding environment, cannot be rejected. Data at finer scales for both
present and future conditions would therefore be desirable47. Recently developed
methods to generate fine-grained climatic data taking into account microclimatic
effects modulated by microtopographic variation in the terrain, vegetation cover
and ground properties using energy balance equations cannot, however, yet be
implemented across large spatial scales48.
For future climate conditions, a wide range of GCMs have been described and
their variation represents the largest source of uncertainty in future range
prediction studies49. No criterion exists to evaluate GCMs, whose performance
may vary among regions and variables50. Due to computational constrains
associated with our migration simulations (see below), we followed Didersky
et al.51. and selected two GCMs that reflected the highest and lowest levels of
predicted changes due to climate change for two angiosperm species in Europe50,
namely MPI-ESM-LR52 and HadGem2-ES53. For each GCM, we analyzed two
climate change scenarios. These scenarios are expressed by the representative
concentration pathways (RCPs), using values comparing the level of radiative
forcing between the preindustrial era and 2100. The moderate scenario RCP4.5
assumes 650 ppm CO2 and 1.0–2.6 °C increase by 2100, and refers to AR4
guideline scenario B1 of IPCC AR4 guidelines. The pessimistic scenario RCP8.5
assumes 1350 ppm CO2 and 2.6–4.8 °C increase by 2100, and refers to
A1F1 scenario of IPCC AR4 guidelines54. Climatic data for each GCM and each
RCP were averaged for each of the four time periods considered, i.e., 2010–2020,
2020–2030, 2030–2040 and 2040–2050.
Monthly average and daily maximum wind speeds measured at 10 m as well
as predicted wind speeds for the same ten-year time periods between 2010 and
2050, were computed from EURO-CORDEX (https://euro-cordex.net). Canopy
height data were obtained from the global scale mapping of canopy height
and biomass at a 1-km spatial resolution55. Wind speed and canopy height
were sampled for each pixel and each time-slice to generate kernel maps through
time (see below).
Deriving climatic suitability maps. The correlation among the 19 bioclimatic
variables was computed from 50,000 random points. To avoid multicollinearity,
five bioclimatic variables with a Pearson correlation value of R < 0.7 (as recom-
mended in ref. 30) were selected. These variables were: mean of monthly tem-
perature range, temperature seasonality, mean temperature of warmest quarter,
precipitation of wettest month and precipitation of warmest quarter. Since the
geographic background should not only reflect the extant, but also the potentially
occupied range in the past56, and since, in bryophytes, models built from large
geographic backgrounds are recommended57, pseudo-absence points were sampled
from a random selection from all points within the studied area excluding available
presence points across Europe.
To account for model uncertainty, we generated ensemble models58 using
generalized linear model (GLM)59 and boosted regression trees (GBM)60 with the
package biomod2 3.3–761. Following Barbet-Massin et al.62, 10,000 pseudo-absence
points were sampled for GLM and then down-weighted to give them same overall
prevalence as presences. For GBM, we sampled a number of pseudo-absence points
identical to the number of datapoints. For GLM, the default parameter set
(selection procedure via AIC, quadratic model, interaction level= 0, interaction
level between variables considered, logit function) was used. For GBM, 5000 trees
were included, the maximum depth of each tree was set to 5, the fraction of the
training set observations randomly selected to propose the next tree in the
expansion was set to 0.8. All other parameters were set to default (Bernouilli
distribution, minimum number of observations in the terminal nodes of the trees
= 5, shrinkage= 0.001, Number of cross-validation folds= 3). Ten replicates were
run and, for each run, 80% of the data was used to calibrate the models, whereas
the remaining 20% was kept aside to evaluate the performance of the model using
the AUC and TSS metrics. We generated a consensus model of the 10 replicates for
each of the GLM and GBM models, wherein each individual model contributed
proportionally to its goodness-of-fit statistics. Finally, we computed the suitability
at each pixel based on the average of the two GLM and GBM consensus models.
Because, despite our thorough literature survey to document species distributions,
the number of actually sampled points is a dramatic under-estimation of the actual
number of occupied pixels by the species across the study area, all pixels identified
as climatically suitable by binarized climatic suitability model projections were





































































Fig. 4 Overview of workflow implemented in the present study to integrate mechanistic dispersal kernels and correlative climatic suitability models in
simulations of future wind-dispersed species distributions under climate change. Species distribution data (left) are combined with climatic variables to
produce climatic suitability models that are calibrated under present and projected under future climatic conditions (Part 1) and used to build mechanistic
dispersal models (Part 2). The latter combine species intrinsic features (spore settling velocity Vt and release height Z0) and extrinsic environmental
features (mean horizontal wind speed Ū and canopy height h) to generate maps of spatially explicit dispersal kernels. Climatic suitability and dispersal
kernel maps, updated at regular intervals, are finally combined to parameterize simulations of dynamic range shifts under changing climatic conditions
(Part 3).
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This could lead to an overestimation of the number of source pixels and raises the
issue that, like in any hybrid correlative-mechanistic model, datapoints are
employed both for inferring the niche and initiating dispersal simulations, whereas
datapoints are themselves the result of a dispersal process63. If, due to dispersal
constraints, a species is absent from climatically suitable conditions, climatic
suitability models may therefore underestimate species niche range63. Although
bryophytes are extremely good dispersers, so that, unlike in some angiosperm
species18, there is no mismatch between the predicted and observed northern limit
of distribution39, the present analyses suggest that there is a time-lag of more than a
century before newly suitable areas are fully colonized. Nevertheless, our datapoints
were sampled across the entire European range of the species, encompassing the
full range of climatic conditions that they can experience, so that the potential
failure to incorporate localities where the species had not time to disperse yet
would not affect the boundaries of our global niche estimate.
The ensemble model was then projected onto future climatic layers using two
GCMs and two RCPs per GCM (see above). A key issue with modeling responses
to climate change is that we do not fully understand how models made under
current conditions will transfer to future conditions. Models developed using too
many predictors may run the risk of overfitting to local conditions, restricting the
predictive power of the model64,65. Tests of transferability across taxa and
geographic locations have, however, failed to demonstrate consistent patterns, and
a general approach to developing transferable models remains elusive66. Here, we
compared the ROC and maxTSS values computed from the test sets (20% of the
data) to those observed at the level of the entire dataset, assuming that these
statistics at the level of the entire dataset would substantially drop at the level of the
test sets in case of severe issues of overfitting.
The continuous suitability index was transformed into a binary presence/
absence model, using maximum TSS to reclassify values.
Dispersal simulations under changing climate conditions
The MigClim model. Dispersal simulations under changing climate conditions were
performed with a modified version of Migclim67 adapted for wind dispersal. To
simulate dispersal under climate change, MigClim requires information on species
dispersal capacities, a map of species initial distribution, a map of present climate
conditions, and maps of future climate conditions at p intervals that divide the
period between time present and the end of the simulations, set by the user, into p
climatic periods. In MigClim, source pixels are represented by actually occupied
pixels and target pixels are pixels that newly become climatically suitable under
climate change. Dispersal simulations are performed from source pixels into target
pixels as follows (see Fig. 2 in Engler et al.68):
1. For each target pixels, all the potential source pixels located within a user-
defined range are identified.
2. The probability that the target pixel is colonized from all the potential source
pixels is computed through the probability Pcol (see below). Optionally, long-
distance can be added to the simulation, with a user-defined range and
probability.
3. These steps are repeated nDisp times, with nDisp typically set to 1 year, until
the end of the first climatic period.
4. At the end of each of the p climatic periods, pixels that are no longer suitable
due to changes in environmental conditions have their values reset to zero, and
climatic suitability is updated to reflect environmental change, potentially
resulting in a series of newly suitable target pixels.
To define Pcol, MigClim implements a dispersal kernel, which is a vector
indicating the probability of dispersal P(x) as a function of the distance from the
source. Since dispersal from a source pixel could take place in any direction,
MigClim implements a coefficient of diffusion called Surfacej, which corresponds
to the number of pixels belonging to a same distance class from the source, to
compute the probability that a diaspore from a source pixel ends-up in a target






To account for the number of diaspores produced by a source pixel j, MigClim
implements a parameter called Successful Seeds, which accounts for the number of
seeds produced by a source pixel j and allows for turning individual dispersal event
probabilities into species spread rates.
PDispðpixeljÞ ¼ 1 ð1 PSeedðpixeljÞÞSuccessfulSeed ð2Þ
Finally, P(pixelj) values are computed at increasing distances from the source and




i¼1 1 Pdisp ið Þ ´Pmat ið Þ
 
ð3Þ
where Pmat(i) is a probability that is function of the time as the source pixel I
became occupied and represents the increase in reproductive potential of source
pixel i over time.
Implementing the Wald model in MigClim for simulating dispersal by wind.
We developed a new version of Migclim, MigClim 1.769, designed for wind dis-
persal. While a single kernel was employed across the landscape until the end of the
simulations in the previous implementation of MigClim, we employed a wind-
dispersal kernel that was sampled for each pixel individually to account for var-
iations in wind conditions and was modified at the same time as the p climatic
change intervals to take future wind conditions into account.
We employed the Wald model70 to infer dispersal kernels. The WALD model
was initially developed70 and largely used for wind-dispersed seeds34,35, so that its
use for smaller particles could be questioned. Bryophyte spore-trapping
experiments in fact revealed that the tail of the dispersal kernel is, beyond hundreds
of meters, not distance-dependent, suggesting that, once a spore is airborne, it
could disperse over hundreds to thousands of kilometers, regardless of the distance
from the source71. Spatial genetic structures consistently show, however, significant
isolation-by-distance patterns for all distance classes, evidencing that realized
colonization rates are distant-dependent72 and justifying the implementation of a
mechanistic model such as WALD. Furthermore, the WALD model assumes that
(i) the slippage velocity between the particles and surrounding air is zero, leading to
an infinite drag coefficient, so that the particles and surrounding air parcels are
tightly coupled, and that (ii) the diaspore terminal velocity is reached instantly after
release. These conditions are precisely met in small particles, which (i) are
characterized by low Reynolds numbers, and hence, high drag coefficients, and (ii)
almost readily reach terminal velocity after release. The WALD model has thus also
been applied to small particles such as pollen grains and spores73,74.
The Wald model70 defines the probability P(x) of colonization at distance x
from the source depending on intrinsic (e.g., settling velocity, height of release) and
extrinsic (e.g., wind speed) parameters, across the distance range between the
source and target pixels, as follows:










With μ0 ¼ H UVt ; λ0 ¼ Hσ
 2
and σ2 ¼ 2Kh σwU
where x is the distance from the source, Ū is the horizontal mean wind speed at
the height of seed release, H is the release height, h accounts for canopy height, Vt
is the diaspore terminal velocity, K is von Karman’s constant (0.4), and σw is a
turbulence parameter corresponding to the standard deviation of the vertical wind
velocity.
Starting from the centroid of a source pixel, we finally integrate the Wald model
over the shortest and largest distances between the source and target pixels to
obtain the probability of colonization of the latter.
Parameter estimation. We derived the turbulence parameter σw from wind speed
data and canopy height55. σw= 1.25 u*, where u* is the wind-induced friction
velocity depending on canopy height. Since wind speed is typically measured over
short vegetation (hs, set at 0.3 m), we first inferred σw above taller vegetation of
variable height h from the wind-induced friction velocity measured above short
vegetation, u*s . Hypothesizing that, at the top of the atmospheric surface layer
(~200 m), the mean velocity is not affected by the texture of the ground vegetation,








Following Nathan et al.35, u*s was estimated using von Karman’s formula from








where K is von Karman’s constant (0.4), w is the height, at which the wind was
measured (here 10 m), and Z0s = 0.1 hs.
The friction velocity u* for taller vegetation of height h was then derived using
Eq. (5).
To derive the mean wind speed at the height of release H, we implemented
either the logarithmic or exponential wind profile75. When the height of release H
is roughly higher than the canopy height h, the logarithmic wind profile describes
the decline in horizontal wind speed with decreasing height above the surface, due






with Z0 = 0.1 h and d= 0.7 h.
In contrast, when the height of release H is below the canopy, we implemented
the exponential wind profile:






with the mean wind speed at canopy height Uh derived from Eq. (6), and α derived
from Gualtieri and Secci76 as α= 0.24+ 0.096Z0+ 0.016log2Z0, where Z0= 0.1 h
The parameters Ū, h and σw are sampled for each pixel and each time-slice
(10 years intervals) to generate kernel maps through time.
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We determined “Successful Seed” empirically following the calibration method
of Engler and Guisan67. Although “Successful Seed” was determined once on the
basis of a single empirical study71 and kept constant across species, this study
reported observed colonization rates at distances of hundreds of meters from the
source colony, giving us a unique opportunity to make the link between our
deterministic models and actual observations, increasing the realism of our
approach. Pmat was set to 1.
Finally, in addition to short-distance dispersal events with a probability defined
by the kernel described above, any pixel located at >10 km from a potential source
could be colonized by LDD. The maximum LDD distance was set to unlimited
based on phylogeographic evidence39. Following Robledo-Arnuncio et al.31, we
employed the results of previous Approximate Bayesian Computation methods for
LDD inference from genetic structure data in bryophytes39,77 to define the range of
LDD probability values, set to 0, 10−4, 10−3, 10−2 and 10−1.
Migclim simulations. We modeled the dispersal of a species under a climate
change scenario over a period of 40 years, from 2010 to 2050. Starting with an
initial distribution for the year 2010, the climatic suitability of cells was updated
every 10 years to reflect the projected changes in climatic conditions under the
considered climate change scenario. Since our simulations run over 40 years, we
need four different climatic suitability maps. The wind layers were updated at the
same 10 years intervals as the climatic data to produce series of spatially and
temporally explicit kernel maps. We assume that our species disperse once a year,
and hence, our simulations performed a total of 40 dispersal steps between 2010
and 2050. For each 10 years climatic period, pixels were identified as potentially
suitable based on the binarized climatic suitability model projections. While cli-
matic suitability thus drove colonization probability, a recent study raised the
intriguing idea that spread rates at the migration front increase as climatic suit-
ability decreases as a response to the need to seek for more suitable habitats78. In
bryophytes, however, such a mechanism would be unlikely as inadequate resources
and investment in environmental stress defence typically result in shifts from
sexual to asexual reproduction79.
For each species, we ran a sensitivity analysis by testing the impact of variation
of the free parameters described above: two values of horizontal windspeed Ū
(monthly average and daily maximum), three values of spore release height Z0
(0.03, 1 and 10 m), and four values of LDD probabilities (see above). For each
parameter combination, 30 MigClim replicates were performed.
We computed the ratio between the predicted loss of suitable area (fraction of
initially suitable cells that became unsuitable by 2050) and the simulated effective
colonization rate (fraction of newly suitable cells by 2050 that were effectively
colonized) using two extreme values of the LDD probability range, that is, 0
and 0.1.
To determine the time-lag of the colonization of newly suitable habitats, the
analyses were run for 500 years, keeping the environmental parameters at their
2050 values.
Reporting summary. Further information on research design is available in the Nature
Research Reporting Summary linked to this article.
Data availability
Occurrence data are available from Figshare (https://doi.org/10.6084/m9.
figshare.8289650).
Code availability
Migclim 1.7 and all the R scripts for the analyses presented here are available on
GitHub69.
Received: 2 December 2019; Accepted: 13 October 2020;
References
1. IPCC. Global Warming of 1.5 °C (World Meteorological Organization,
Geneva, 2018).
2. Barlow, J. et al. The future of hyperdiverse tropical ecosystems. Nature 559,
517–526 (2018).
3. Rosenzweig, C. et al. Attributing physical and biological impacts to
anthropogenic climate change. Nature 453, 353–357 (2008).
4. Warren, R. et al. Quantifying the benefit of early climate change mitigation in
avoiding biodiversity loss. Nat. Clim. Change 3, 678–682 (2013).
5. Bellard, C., Bertelsmeier, C., Leadley, P., Thuiller, W. & Courchamp, F.
Impacts of climate change on the future of biodiversity. Ecol. Lett. 15, 365–377
(2012).
6. Pearson, R. G. Climate change and the migration capacity of species. Trends
Ecol. Evol. 21, 111–113 (2006).
7. Tzedakis, P. C., Emerson, B. C. & Hewitt, G. M. Cryptic or mystic? Glacial tree
refugia in northern Europe. Trends Ecol. Evol. 28, 696–704 (2013).
8. Nogués-Bravo, D. et al. Cracking the code of biodiversity responses to past
climate change. Trends Ecol. Evol. 33, 765–776 (2018).
9. Corlett, R. T. & Westcott, D. A. Will plant movements keep up with climate
change? Trends Ecol. Evol. 28, 482–488 (2013).
10. Chen, I. C., Hill, J. K., Ohlemuller, R., Roy, D. B. & Thomas, C. D. Rapid range
shifts of species associated with high levels of climate warming. Science 333,
1024–1026 (2011).
11. Dullinger, S. et al. Modelling the effect of habitat fragmentation on climate-
driven migration of European forest understorey plants. Divers. Distrib. 21,
1375–1387 (2015).
12. Steinbauer, M. J. et al. Accelerated increase in plant species richness on
mountain summits is linked to warming. Nature 556, 231–234 (2018).
13. Dullinger, S. et al. Extinction debt of high-mountain plants under twenty-first
century climate change. Nat. Clim. Change 2, 619–622 (2012).
14. Rumpf, S. B. et al. Extinction debts and colonization credits of non-forest
plants in the European Alps. Nat. Comm. 10, 4293 (2019).
15. Qiao, H., Saupe, E. E., Soberon, J., Peterson, A. T. & Myers, C. E. Impacts of
niche breadth and dispersal ability on Macroevolutionary patterns. Am. Nat.
188, 149–162 (2016).
16. Araújo, M. B. et al. Standards for distribution models in biodiversity
assessments. Sci. Adv. 5, eaat4858 (2019).
17. Keil, P. et al. Patterns of beta diversity in Europe: the role of climate, land
cover and distance across scales. J. Biogeogr. 39, 1473–1486 (2012).
18. Svenning, J. C., Normand, S. & Skov, F. Postglacial dispersal limitation of
widespread forest plant species in nemoral Europe. Ecography 31, 316–326
(2008).
19. Saladin, B. et al. Environment and evolutionary history shape phylogenetic
turnover in European tetrapods. Nat. Comm. 10, 249 (2019).
20. Schurr, F. M. et al. How to understand species niches and range dynamics: a
demographic research agenda for biogeography. J. Biogeogr. 39, 2146–2162
(2012).
21. Engler, R. et al. Predicting future distributions of mountain plants under
climate change: does dispersal capacity matter? Ecography 32, 34–45 (2009).
22. Travis, J. M. J. et al. Dispersal and species’ responses to climate change. Oikos
122, 1532–1540 (2013).
23. Zurell, D. et al. Benchmarking novel approaches for modelling species range
dynamics. Glob. Change Biol. 22, 2651–2664 (2016).
24. Fordham, D. A. et al. How complex should models be? Comparing correlative
and mechanistic range dynamics models. Glob. Change Biol. 24, 1357–1370
(2018).
25. Shaw, A. J., Szövényi, P. & Shaw, B. Bryophyte diversity and evolution:
windows into the early evolution of land plants. Am. J. Bot. 98, 352–369
(2011).
26. Shaw, A. J., Carter, B. E., Aguero, B., Pinheiro da Costa, D. P. & Crowl, A. A.
Range change evolution of peat mosses (Sphagnum) within and between
climate zones. Glob. Change Biol. 25, 108–120 (2019).
27. Kostka, J. E. et al. The Sphagnum microbiome: new insights from an ancient
plant lineage. N. Phytol. 211, 57–64 (2016).
28. He, X., He, K. S. & Hyvönen, J. Will bryophytes survive in a warming world?
Persp. Plant Ecol. Evol. Syst. 19, 49–60 (2016).
29. Perera-Castro, A. V. et al. It is hot in the sun: Antarctic mosses have high
temperature optima for photosynthesis despite cold climate. Front. Plant Sci.
11, 1178 (2020).
30. Guisan, A., Thuiller, W. & Zimmermann, N. E. Habitat Suitability and
Distribution Models, With Applications in R (Cambridge University Press,
Cambridge, 2017).
31. Robledo-Arnuncio, J. J., Klein, E. K., Muller-Landau, H. C. & Santamaría, L.
Space, time and complexity in plant dispersal ecology. Mov. Ecol. 2, 16 (2014).
32. Meier, E. S., Lischke, H., Schmatz, D. R. & Zimmermann, N. E. Climate,
competition and connectivity affect future migration and ranges of European
trees. Glob. Ecol. Biogeogr. 21, 164–178 (2012).
33. Prasad, A. M., Gardiner, J. D., Iverson, L. R., Matthews, S. N. & Matthew, P.
Exploring tree species colonization potentials using a spatially explicit
simulation model: implications for four oaks under climate change. Glob.
Change Biol. 19, 2196–2208 (2013).
34. Bullock, J. M. et al. Modelling spread of British wind-dispersed plants under
future wind speeds in a changing climate. J. Ecol. 100, 104–115 (2012).
35. Nathan, R. et al. Spread of North American wind-dispersed trees in future
environments. Ecol. Lett. 14, 211–219 (2011).
36. Thuiller, W., Lavorel, S., Araújo, M. B., Sykes, M. T. & Prentice, C. I. Climate
change threats to plant diversity in Europe. Proc. Natl Acad. Sci. USA 102,
8245–8250 (2005).
37. Thompson, J. D. Plant Evolution in the Mediterranean (Oxford University
Press, Oxford, 2005).
38. Patiño, J. & Vanderpoorten, A. Bryophyte biogeography. Crit. Rev. Plant Sci.
37, 175–209 (2018).
ARTICLE NATURE COMMUNICATIONS | https://doi.org/10.1038/s41467-020-19410-8
8 NATURE COMMUNICATIONS |         (2020) 11:5601 | https://doi.org/10.1038/s41467-020-19410-8 | www.nature.com/naturecommunications
39. Ledent, A. et al. No borders during the post-glacial assembly of European
bryophytes. Ecol. Lett. 22, 973–986 (2019).
40. Ofori, B. Y., Stow, A. J., Baumgartner, J. B. & Beaumont, L. J. Combining
dispersal, landscape connectivity and habitat suitability to assess climate-
induced changes in the distribution of Cunningham’s skink, Egernia
cunninghami. PLoS ONE 12, e0184193 (2017).
41. Hodgetts, N. G. et al. A Miniature World in Decline: European Red List of
Mosses, Liverworts and Hornworts (IUCN, Brussels, 2019).
42. Mateo, R. G., Vanderpoorten, A., Muñoz, J., Laenen, B. & Désamoré, A.
Modeling species distributions from heterogeneous data for the biogeographic
regionalization of the European bryophyte flora. PloS ONE 8, e55648 (2013).
43. Di Cola, V. et al. ecospat: an R package to support spatial analyses and
modeling of species niches and distributions. Ecography 40, 774–787 (2017).
44. Zanatta, F. et al. Measuring spore settling velocity for an improved assessment
of dispersal rates in mosses. Ann. Bot. 118, 197–206 (2016).
45. Hijmans, R. J., Cameron, S. E., Parra, J. L., Jones, P. G. & Jarvis, A. Very high
resolution interpolated climate surfaces for global land areas. Int. J. Climatol.
25, 1965–1978 (2005).
46. Niittynen, P. & Luoto, M. The importance of snow in species distribution
models of arctic vegetation. Ecography 41, 1024–1037 (2018).
47. Lembrechts, J. J. & Lenoir, J. Microclimatic conditions anywhere at any time!
Glob. Change Biol. 26, 337–339 (2020).
48. Maclean, I. M. Predicting future climate at high spatial and temporal
resolution. Glob. Change Biol. 26, 1003–1011 (2020).
49. Steen, V., Sofaer, H. R., Skagen, S. K., Ray, A. J. & Noon, B. R. Projecting
species’ vulnerability to climate change: which uncertainty sources matter
most and extrapolate best? Ecol. Evol. 7, 8841–8851 (2017).
50. Goberville, E., Beaugrand, G., Hautekèete, N. C., Piquot, Y. & Luczak, C.
Uncertainties in the projection of species distributions related to general
circulation models. Ecol. Evol. 5, 1100–1116 (2015).
51. Didersky, M. K., Paz, S., Frelich, L. E. & Jagodzinski, A. M. How much does
climate change threaten European forest tree species distributions? Glob.
Change Biol. 24, 1150–1163 (2017).
52. Giorgetta, M. A. et al. Climate and carbon cycle changes from 1850 to 2100 in
MPI-ESM simulations for the Coupled Model Intercomparison Project phase
5. J. Adv. Model. Earth Syst. 5, 572–597 (2013).
53. Jones, C. D. et al. The HadGEM2-ES implementation of CMIP5 centennial
simulations. Geosc. Model Dev. Discuss 4, 689–763 (2011).
54. Harris, R. M. B. et al. Climate projections for ecologists.Wires Clim. Change 5,
621–637 (2014).
55. Simard, M., Pinto, N., Fisher, J. B. & Baccini, A. Mapping forest canopy
height globally with spaceborne lidar. J. Geophysic. Res. Biogeosci. 116, 1–12
(2011).
56. Acevedo, P., Jiménez-Valverde, A., Lobo, J. M. & Real, R. Delimiting the
geographical background in species distribution modelling. J. Biogeogr. 39,
1383–1390 (2012).
57. Mateo, R. G. et al. From climatic niche conservatism to spatial predictions:
what can invasive mosses tell us? Ecography 38, 480–487 (2015).
58. Araújo, M. B. & New, M. Ensemble forecasting of species distributions. Trends
Ecol. Evol. 22, 42–47 (2007).
59. McCullagh, P. & Nelder, J. A. Generalized Linear Models 2nd edn (Chapman
& Hall, London, 1989).
60. Friedman, J. H. Greedy function approximation: a gradient boosting machine.
Ann. Stat. 29, 1189–1232 (2001).
61. Thuiller, W., Georges, D., Engler, R. & Breiner, F. T. Biomod2: ensemble
platform for species distribution modeling (The R Foundation, Austria, 2016).
62. Barbet-Massin, M., Jiguet, F., Albert, C. H. & Thuiller, W. Selecting pseudo‐
absences for species distribution models: how, where and how many? Meth.
Ecol. Ecol. 3, 327–338 (2012).
63. Briscoe, N. J. et al. Forecasting species range dynamics with process‐explicit
models: matching methods to applications. Ecol. Lett. 22, 1940–1956 (2019).
64. Peterson, A. T. Ecological niche conservatism: a time structured of evidence. J.
Biogeogr. 38, 817–827 (2011).
65. Werkowska, W., Marquez, A. L., Real, R. & Acevedo, P. A practical overview
of transferability in species distribution modelling. Environ. Rev. 25, 1–7
(2016).
66. Yates, K. L. et al. Outstanding challenges in the transferability of ecological
models. Trends Ecol. Evol. 33, 790–802 (2018).
67. Engler, R. & Guisan, A. MigClim: predicting plant distribution and dispersal
in a changing climate. Divers. Distrib. 15, 590–601 (2009).
68. Engler, R., Hordijk, W. & Guisan, A. The MIGCLIM R package— seamless
integration of dispersal constraints into projections of species distribution
models. Ecography 35, 872–878 (2012).
69. Collart, F. & Engler, R. BryophyteDispersion v1.0. (Zenodo, 2020).
70. Katul, G. G. et al. Mechanistic analytical models for long-distance seed
dispersal by wind. Am. Nat. 166, 368–381 (2005).
71. Lönnell, N., Hylander, K., Jonsson, B. G. & Sundberg, S. The fate of the
missing spores—patterns of realized dispersal beyond the closest vicinity of a
sporulating moss. PLoS ONE 7, e41987 (2012).
72. Vanderpoorten, A. et al. To what extent are bryophytes efficient dispersers?
J. Ecol. 107, 2149–2154 (2019).
73. Rieux, A. et al. Long-distance wind-dispersal of spores in a fungal plant
pathogen: estimation of anisotropic dispersal kernels from an extensive field
experiment. PLoS ONE 9, e103225 (2014).
74. Wang, L. & Lu, B.-R. Model-based calculating tool for pollen-mediated gene
flow frequencies in plants. AoB Plants. 9, plw086 (2017).
75. Nathan, R., Horn, H. S., Chave, J. & Levin, S. A. in Seed Dispersal and
Frugivory: Ecology, Evolution and Conservation (eds Levey, D. J., Silva, W. R.
& Galetti, M.) 69–82 (CAB International, Wallingford, 2002).
76. Gualtieri, G. & Secci, S. Comparing methods to calculate atmospheric
stability-dependent wind speed profiles: a case study on coastal location.
Renew. Energy 36, 2189–2204 (2011).
77. Patiño, J. et al. Approximate Bayesian Computation reveals the crucial role of
oceanic islands for the assembly of continental biodiversity. Syst. Biol. 64,
579–589 (2015).
78. Ingenloff, K. et al. 2017 Predictable invasion dynamics in North American
populations of the Eurasian collared dove Streptopelia decaocto. Proc. R. Soc. B
284, 20171157 (2017).
79. Shortlidge, E. E. et al. Passive warming reduces stress and shifts reproductive effort
in the Antarctic moss, Polytrichastrum alpinum. Ann. Bot. 119, 27–38 (2017).
Acknowledgements
Many thanks are due to the National Data and Information Center on Swiss Bryophytes
(“Swissbryophytes”) for sharing data and to G. Katul for his assistance with the imple-
mentation of the WALD model. F.C. was funded by the FRIA grant of F.R.S.-FNRS
(grant no. 5105819F). Computational resources were provided by the Fédération
Wallonie-Bruxelles (Tier-1; funded by Walloon Region, grant no. 1117545), the Con-
sortium des Équipements de Calcul Intensif (CÉCI; funded by the F.R.S.-FNRS, grant no.
2.5020.11), and through two grants to DB (University of Liège”. Crédit de démarrage
2012” SFRD-12/04; F.R.S.- FNRS “Crédit de recherche 2014” CDR J.0080.15).
Author contributions
A.G., A.V., F.Z. and R.E. designed the framework of the study. A.V., B.P., J.M. and
R.G.M. collected the data. D.B., F.C., F.Z., O.B. and R.E. performed the analyses. A.V.,
F.C. and F.Z. wrote the paper with the assistance from all co-authors.
Competing interests
The authors declare no competing interests.
Additional information
Supplementary information is available for this paper at https://doi.org/10.1038/s41467-
020-19410-8.
Correspondence and requests for materials should be addressed to A.V.
Peer review information Nature Communications thanks James Bullock, Sharon
Robinson and the other anonymous reviewer(s) for their contribution to the peer review
of this work. Peer reviewer reports are available.
Reprints and permission information is available at http://www.nature.com/reprints
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.
Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this license, visit http://creativecommons.org/
licenses/by/4.0/.
© The Author(s) 2020
NATURE COMMUNICATIONS | https://doi.org/10.1038/s41467-020-19410-8 ARTICLE
NATURE COMMUNICATIONS |         (2020) 11:5601 | https://doi.org/10.1038/s41467-020-19410-8 | www.nature.com/naturecommunications 9
